The traditional approach to medicine has relied on a population-based perspective for centuries. Decisions on treatment prescription were established according to an average response to a given therapy that aimed to treat a large number of patients with minimal overall side effects. Precision medicine is now viewed as an alternative, emerging and promising strategy to improve the efficacy of treatments. The United States' National Institute of Health defines precision medicine as "an emerging approach for disease treatment and prevention that considers individual variability in genes, environment, and lifestyle for each person" [1] . Although the term "precision medicine" has emerged recently, the idea has existed in medical practice for patient/donor matching since the mid-20th century for blood transfusion [2] and organ transplant [3] . Typically, matching is performed based on certain donor/patient attributes such as blood type, tissue type, size of the organ, etc. [4] . Precision medicine takes this concept to a broader level, whereby a more precise and personalized care plan is developed by incorporating insights from omics and analytics. The goal is to enable medical practitioners and researchers to accurately tailor care bearing in mind the differences between individuals that may lead to unique responses to different treatment regimens.
An omics approach for precision medicine became possible after the full human genome was first sequenced in April 2003 [5] . Targeted therapies are widely used for the treatment of different cancer subtypes by targeting and interfering with a specific molecule that is involved in the growth and progression of cancer [6] . For example, the targeted therapy to treat HER2-positive breast cancer has been approved by the Food and Drug Administration (FDA) since 1998 [7] . The number of human genomes sequenced has soared in the last decade, thanks to increasingly cheaper sequencing costs. A wide variety of cancer cells have been sequenced which has provided insight into novel fundamental genetic mechanisms involved in cancer initiation and progression [8] . This has enabled the identification of novel diagnostic biomarkers and potential targets for the development of other new targeted therapies [8] . Nowadays, in precision medicine, the use of various omics technologies beyond only genetic data is being increasingly recognized for driving improvements. Indeed, transcriptomics [9] , epigenomics, metabolomics, metagenomics [10] , or chromosome conformation signatures [11] have all played a successful role in providing new insights on how to improve the adaptation of therapies to patients. An increasing number of databases collect integrated personal omics [12, 13] , and the DOI: 10.1159/000494131 volume of healthcare data is increasing exponentially. According to a report from EMC and International Data Corporation, the volume of healthcare data will increase from 153 exabytes (1 exabyte = 1 billion gigabytes) in 2013 to 2,314 exabytes by 2020 [14] . Stephens et al. [15] provide an overview of the challenges that arise with the acquisition, storage, distribution, and analysis of these massive datasets.
However, the nature, volume, and complexity of such data are usually beyond the scope of direct interpretation or use by healthcare practitioners. There is a tremendous need and opportunity for data integration and analytic methods incorporating omics data in precision medicine. Data science has been called "the sexiest job of the 21st century" (to quote Thomas Davenport [16] ). In precision medicine, it will likely be a key tool for major breakthroughs. Machine learning and artificial intelligence approaches are being increasingly utilized to identify individuals at risk, to predict which prevention strategies work best on patients, to automatically screen different subtypes of diseases, or to perform drug repurposing. They have also been successfully implemented for the diagnosis and prognosis of diseases. For example, Esteva et al. [17] have recently shown that an automated classification algorithm based on deep convolutional neural networks that only used image and disease labels as inputs achieved near human expert performance in identifying different types of skin cancers. Another successful application of deep learning techniques was for automatic detection of diabetic retinopathy and diabetic macular edema in retinal fundus photographs through image data analysis [18] . The Stanford Byers Center for Biodesign is developing predictive tools for potential heart transplant rejection and early detection of pediatric asthma using a monitoring device [19] . Investment in the development of efficient data mining algorithms and the application to health data are burgeoning. In the fiscal year 2016, USD 215 million were devoted by President Obama's Precision Medicine Initiative [20] to support research in data acquisition and interoperability and scale up efforts to identify genomic drivers in cancer. Another initiative in 2016 was the USD 600 million Chan Zuckerberg BioHub, a collaborative project between Stanford, UC San Francisco, and UC Berkeley that aimed to bring together expert scientists from various fields and apply some of the most advanced technologies (existing and new) to solve some of the world's biggest health problems [21] .
However, many challenges remain. To disseminate these approaches more widely in precision medicine, the fields of bioinformatics and biostatistics face several challenges. Not only are datasets massive, which necessitates efficient and scalable methods to handle them, but they are also often high dimensional, i.e., the number of features to analyze being far larger than the number of individuals on which the data have been acquired. This can be further complicated if multivariate measurements are taken over time. Given population heterogeneity and the large number of confounding factors -especially for epidemiologic studies -small effects may be hard to detect due to reduced statistical power or difficulty to handle hidden subpopulation characteristics [22] that might affect the study conclusions. In addition, data are often very heterogeneous, coming in various formats, scales, and types. Data interoperability, multi-scale aggregation, and multi-type methods are thus needed for efficient integration of omics data. To address these issues, a large number of methods, using tools from statistics, machine learning, and artificial intelligence are currently being developed and investigated for omics data analysis [13, [23] [24] [25] . From a methodological point of view, data analysis methods can be distinguished by at least three important characteristics.
(1) The purpose of the integration is either an exploratory analysis (i.e., unsupervised approaches) or predictive analysis (i.e., supervised approaches) or even semisupervised approaches that fall between supervised and unsupervised approaches. Unsupervised approaches can help stratify the population of patients into subtypes (iCluster [26] or PARADIGM [27] , for instance), and supervised approaches have yielded interesting insight into drug-disease association prediction (DDR [28] ), for example. When part of the data is labelled, utilizing that information in a semi-supervised framework has been shown to greatly improve classification performance [29] .
(2) The method can handle integration of specific omics data (transcriptomics and copy number variation [30] ) or is made generic, for example, by using a graph-or kernel-based representation (mixKernel [31] ) or relevant transformations combined with a generic integration method (mixOmics [32] ).
(3) The way the method handles the integration of multiple omics, for instance, as described by Mutch et al. [22] , by simply concatenating the (almost necessarily numerical) data into one big dataset prior to an analysis, by performing separate analyses for all data that are combined afterwards or by transforming the data into a common object type (graph or kernel) that can easily be combined in a way that is optimal for a target analysis. Moreover, in parallel to the improvement of statistical or learning methods for precision medicine, an ongoing challenge has emerged. Specifically, providing a better understanding of these complex algorithms and recommendations made by machines is critical to make them more widely adopted by the medical community as reliable tools to aid in decision-making. Also, looking to the future, data sharing and integration of heterogeneous data sources will play a big part in precision medicine. Explosion of technologies, such as smartphones and smart watches, is also providing a novel and massive influx of low-cost universal individual-level health surveillance data, such as monitoring physical activity, dietary habits, and several health outcomes (e.g., heart rate), among other things. Developing and applying tools to incorporate multisource massive data efficiently in medical decision-making will take personal healthcare to a new level. This also triggers the need to establish standards and universal guidelines to facilitate data sharing, such as the MIAME initiative for microarray [33] .
Finally, precision medicine goes beyond individualized treatment plans. From a holistic perspective, it involves the development of screening, diagnosis, and preventative strategies. Lifestyle plays a big role in determining optimal health and well-being. Dietary choices have a crucial effect on the prevention of age-related diseases, and the risks and benefits of these dietary choices vary from individual to individual. Indeed, nutrigenomics, which aims to understand the interaction between genes and food and how it influences human health, is gaining increasing attention. Although cancer has been the primary focus of precision medicine so far, nutrigenomics provides an opportunity for precision healthcare on a larger scale. Prevention, management and treatment strategies based on an individual's dietary habits, lifestyle choices, and genetics for complex diseases, such as diabetes and cardiovascular diseases, are emerging [34, 35] . The focus of precision medicine is evolving from solely optimizing treatment to including the development of individualized prevention and management plans for disease prevention [36] . Development and application of emerging and current biostatistics and bioinformatics approaches will play a central role in precision medicine and nutrigenomics. Thus, the scope of Lifestyle Genomics includes the publication of exploratory and predictive approaches to support the improvement of precision medicine and nutrition to better understand the complex relationships between lifestyle factors and genes. Therefore, we invite methodologists and researchers developing and applying such methods and tools to consider Lifestyle Genomics as a journal to disseminate their research.
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